Abstract. The vegetation optical depth (VOD) measured at microwave frequencies is related to the vegetation water content and provides information complementary to visible/infra-red vegetation indices. This study is devoted to the characterisation of a new VOD data set obtained from SMOS (Soil Moisture and Ocean Salinity) satellite observations at L-band (1.4 GHz).
(2016) compared SMOS L-VOD to X-VOD and C-VOD measured by AMSR-E and to visible/infra-red vegetation indices. In crop zones, as the MODIS vegetation indices, L-VOD increases during the growing season and decreases during senescence (Lawrence et al., 2014) . At global scale, L-VOD is less correlated to optical/visible vegetation indices than X/C-VOD, suggesting that L-VOD can add more complementary information with respect to optical/infrared indices than X/C-VOD (Grant et al., 2016) . For instance, Rahmoune et al. (2014) found a significant correlation between L-VOD and tree height estimates. Vittucci et al. (2015) also discussed this relationship and compared it to the one estimated with X/C-VOD, which shows higher values 5 for low tree-height than SMOS L-VOD, as expected. Vittucci et al. (2015) also showed a close to linear relationship between L-VOD and AGB at 20 selected points over Peru, Columbia, and Panama.
In summary, L-VOD derived from the new SMOS L-Band observations is a promising tool for monitoring global vegetation characteristics. There is, however, a lack of in-depth studies on how L-VOD relates to established vegetation characteristics. The goal of the current study is to get further insight into the sensitivity of L-VOD to vegetation properties and precipitations, which 10 can drive the vegetation dynamics for some biomes. Taking into account the novelty of these observations, three distinct SMOS L-VOD data sets were evaluated against several data sets independent of L-VOD: (i) optical/infra-red indices (representing the greenness of vegetation, also often used as proxy for primary productivity), (ii) AGB benchmark maps, (iii) LIDAR derived tree height and (iv) precipitation data set. The area selected for this study is Africa, as it is a continent with several climate regions and biomes and with a large variability in the vegetation biomass from sparse shrubs to savannah and very dense rainforests.
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In addition, Bouvet et al. (2018) have recently discussed the first biomass map of African savannahs computed from L-band active microwave (synthetic aperture radar) observations. The document is organized as follows. Section 2 presents the different SMOS L-VOD data sets as well as the data sets used for the evaluation (tree height, cumulated precipitations, NDVI, EVI and four AGB data sets). Section 3 deals with the evaluation methods. Section 4 presents the results, which are discussed in Section 5, in particular the potential of L-VOD to 20 estimate AGB at large scale. Finally, Section 6 summarizes the results and presents the conclusions of this study.
Data

SMOS data
The SMOS (Kerr et al., 2001 (Kerr et al., , 2010 mission is an ESA-led mission with contributions from CNES (Centre National d'Etudes Spatiales, France) and CDTI (Centro Para el Desarrollo Tecnológico Industrial, Spain). The SMOS radiometer measures the 25 thermal emission from the Earth in the protected frequency range around 1.4 GHz in full-polarization and for incidence angles from 0
• to ∼ 60
• . The footprint (full width at half maximum of the synthesized beam) is ∼ 43 km on average (Kerr et al., 2010) . The equator overpass time is 6:00 AM/PM for ascending/descending orbits. Only ascending orbits are used in this study as the overall quality of the data is higher than the descending data. Taking into account the novelty of L-VOD estimates, three different L-VOD data sets were evaluated in this study: the ESA Level 2 (L2) product, the CATDS multi-orbit Level 3 30 (L3) product and the new INRA-CESBIO (IC) data set. The differences between these data sets are discussed in the following (Table S1 gives a summary of the main characteristics of those three products).
SMOS Level 2 soil moisture and L-VOD
The SMOS soil moisture and L-VOD L2 retrieval algorithm was described by Kerr et al. (2012) . The algorithm uses the L-MEB (L-band Microwave Emission of the Biosphere) radiative transfer model (Wigneron et al., 2007) , which is based on the τ − ω (optical depth -single scattering albedo) parameterization to take into account the effect of vegetation. The difference between forward model estimates of the brightness temperatures at antenna reference frame and actual satellite measurements data. The forward model contributions are computed at ∼ 4 km resolution pixels and aggregated to the sensor resolution using the mean synthetic antenna pattern. For footprints with mixed land cover, the L2 algorithm distinguishes the minor and the 10 major land cover (low vegetation or forest). The SMOS retrieval is performed only over the dominant land cover class within the footprint while the emission of the minor land cover is estimated from ECMWF SM and MODIS Leaf Area Index (LAI) data (Kerr et al., 2012) . The version of the data used in the current study is 620. This data version uses auxiliary files including information on L-VOD computed from previous retrievals, surface roughness and Radio Frequency Interference (RFI) that are used to constrain the new retrievals. The SMOS L2 data are provided by ESA in an Icosahedral Equal Area (ISEA) 4H9 grid 15 (Sahr et al., 2003) in swath mode with a sampling resolution of 15 km.
SMOS Level 3 soil moisture and L-VOD
The SMOS L3 soil moisture and L-VOD data set is provided by the CATDS (Centre Aval de Traitement de Données SMOS) from CNES (Centre National D'Etudes Spatiales) and IFREMER (Institut Français de Recherche pour l'Exploitation de la Mer) in an Equal-Area Scalable Earth (EASE) grid version 2 (Brodzik et al., 2012.) with a sampling resolution of 25 km. The 20 data version used in this study is Version 300. The data set and the retrieval algorithm are described in Al Bitar et al. (2017) . The L3 algorithm is based on the same physics and modelling as the ESA L2 single-orbit algorithm (Section 2.1.1). Instead of using information on prior retrievals to constrain the SM and L-VOD inversion, the Level 3 algorithm uses a multi-orbit approach with data from three different revisits over a seven day window. In contrast to soil moisture, L-VOD is not expected to change strongly over a short period of time. Therefore a Gaussian correlation function is used during the retrieval to penalize (2017) . One of the main goals of the SMOS-IC product is to be as independent as possible from auxiliary data, which are often also used for evaluation. SMOS-IC is based on the same L-MEB (Wigneron et al., 2007) model used by the ESA L2 algorithm (Section 2.1.1) to perform global retrievals of SM and L-VOD but it uses some simplifications. In contrast to the L2 and L3 algorithms, the IC algorithm considers the footprints to be homogeneous to avoid uncertainties and errors linked to possible inconsistencies in the auxiliary data sets which are used to characterize the footprint heterogeneity. As for the L2 and L3 algorithms, the soil temperature profile is estimated from ECMWF Integrated Forecast System (IFS) data. However, SMOS-IC differs from the SMOS L2 and L3 products in the initialization of the cost function minimization and in the modelling 5 of heterogeneous pixels: no LAI nor ECMWF SM data are used. Finally, the effective vegetation scattering albedo and soil roughness parameters were optimized as discussed by Fernandez-Moran et al. (2017) and are different to those used by the Level 2 and Level 3 algorithms. The data used in this study is version 103 and it is provided in the 25 km EASEv2 grid.
Evaluation data sets
This study performs an evaluation of the SMOS L-VOD data sets by a comparison with other vegetation-related evaluation 10 data sets which are described in the following.
Precipitations
The Worldclim data set provides spatially interpolated monthly climate data for global land areas at a very high spatial resolution (approximately 1 km). It includes monthly temperature (minimum, maximum and average), precipitation, solar radiation, vapour pressure and wind speed, aggregated across a target temporal range of 1970-2000, using data from between 9000 and 15 60 000 weather stations. As precipitations drive the vegetation dynamics for some biomes, mean annual precipitation were used to evaluate the relationship with L-VOD.
MODIS vegetation indices
MODIS NDVI and Enhanced Vegetation Index (EVI) from the product MYD13C1 (Huete et al., 2002 ) collection 6 were compared to the SMOS L-VOD data sets to test L-VOD's performance against green photosynthetically active vegetation.
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Both NDVI and EVI are directly linked to the sential climate variables FAPAR and LAI and they are widely used as proxy for green vegetation cover. The NDVI product contains atmospherically corrected bi-directional surface reflectances masked for water, clouds, and cloud shadows. The EVI uses the blue band to remove residual atmospheric contaminations caused by smoke and sub-pixel thin cirrus clouds, which also introduces uncertainties over tropical areas. The EVI also uses feedback adjustment to minimize canopy background variations and to enhance its sensitivity from sparse to dense vegetation conditions.
25
Global MYD13C1 data are cloud-free spatial composites of the gridded 16-day 1 km MYD13A2, and are provided as a Level 3 product projected on a 0.05 
Lidar tree height
This study used global tree height data from Simard et al. (2011) . This data set was produced using 2005 data from the Geoscience Laser Altimeter System (GLAS) aboard ICESat (Ice, Cloud, and land Elevation Satellite). The processing follows three steps. First, Simard et al. (2011) developed a procedure to select waveforms and correct slope-induced distortions and to calibrate canopy height estimates using field measurements. In a second step, GLAS canopy height estimations were found 5 to be correlated to other ancillary data such as annual mean precipitation, precipitation seasonality, annual mean temperature, temperature seasonality, elevation, tree cover and classes of protection status. In a second step, a machine learning approach (random forest) was trained using the ancillary variables as input and GLAS tree height as reference data. In the third step, the random forest algorithm was applied to the ancillary data to produce a forest canopy height map at 1 km resolution for areas not covered by GLAS waveforms. L-band observations, in the current study the Bouvet data set has also been extended to rainforest (see below).
The first AGB map over Africa was extracted from the 1 km resolution pan-tropical AGB data set produced by Saatchi et al. (2011) . The methodology to produce this data set involves roughly two steps:
(i) in situ inventory plots are used to derive AGB estimates from the Lorey's height (the basal area weighted height of all trees with a diameter of more than 10 cm) calculated from the ICESat GLAS measurements,
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(ii) these punctual measurements are spatially extrapolated using MODIS and Quick Scatterometer (QuikSCAT) data through This study also used data over Africa extracted from the pan-tropical AGB data set produced by Baccini et al. (2012) . The 25 methodology used to produce this data set is very similar to that of Saatchi et al. (2011) , except that (i) only MODIS data are used for the spatial extrapolation, (ii) Random Forest is used instead of MaxEnt, (iii) the data set is representative of circa [2007] [2008] , and (iv) the AGB map is produced at a resolution of 500 m.
The Avitabile et al. (2016) was also used in this study. This forest biomass data set was obtained by merging the data sets by Saatchi et al. (2011) and Baccini et al. (2012) with machine learning techniques to compute a pan-tropical AGB map at 1-km 30 spatial resolution. The merging method was trained using an independent reference data set with field observations and locally calibrated high-resolution biomass maps, harmonized and up-scaled to be representative of 1 km CCI (Climate Change Initiative) land cover map was used to separate dense forest areas, over which AGB was estimated at 500 meter resolution using the results by Mermoz et al. (2015) . The resulting data set will be referred to as the Bouvet-Mermoz data set in the following.
Methods
The region selected for this study was the African continent because the Bouvet-Mermoz data set, which is the only one that 15 has been produced using SAR observations made in the same frequency band (L-band) as SMOS, is limited to Africa. The African continent contains arid, equatorial and temperate regions (Kottek et al., 2006) with deserts, shrublands, mediterranean woodlands, grasslands, savannah and rainforests (Olson et al., 2001 ). Therefore, this study covers a wide range of climate regions and biomes and allows to extend the analysis of L-VOD data to monitor vegetation properties, in particular biomass, at larger scales than previous studies (Grant et al., 2016; Lawrence et al., 2014; Vittucci et al., 2015) .
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AGB, precipitation, tree height, MODIS NDVI/EVI and SMOS L2 data were aggregated and re-sampled to the EASEv2 grid common to the SMOS L3 and IC data sets using the Geospatial Data Abstraction Library (GDAL) routine gdalwarp in average mode. Regarding, the SMOS Level 2 data, several SMOS Level 2 retrievals are available for a given day for high northern and southern latitudes. At these latitudes, the best retrievals (corresponding to lower values of the cost function) were selected.
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In spite of observing in a protected band dedicated to research observations, some radio frequency interferences (RFI) from human-built equipment affect the quality of the SMOS observations. SMOS L2 and L3 data with low quality (goodness of the fit to the observed brightness temperatures as given by the Chi2 parameter larger than 3) were filtered out. In the case of SMOS-IC, data with a root mean squared difference between modelled and observed brightness temperatures larger than 10 K were filtered out. In addition, the L-VOD time series of the three products were analysed grid point-to-grid point, and values 30 with a deviation (in absolute value) larger than 2.5 with respect to the grid point average σ (were σ is the standard deviation) were considered as outliers and also filtered out. The main evaluation strategy used in this study is to spatially compare L-VOD data to the evaluation data sets presented in Sect. 2. These variables such as above ground biomass, tree height, or long-term averages of yearly rainfall are not expected to change quickly over time. Therefore, the L-VOD data were averaged on a yearly basis to avoid short-term variations due to changes in the vegetation water content over short time periods. The biomass data sets discussed in Sect. 2 were produced with observations done from years 1995 to 2010. The comparison of L-VOD with the other data sets was done using L-VOD data To get a quantitative assessment of the correlation and the dispersion of L-VOD versus the evaluation data sets, three correlation coefficients were computed. The Pearson correlation coefficient R is a measure of the linear correlation between two variables. If the relationship linking these variables is linear with no dispersion, R equals 1 (both variables increase together) or -1 (one variable increases when the other decreases). However, the relationships between L-VOD and the evaluation data are 10 not expected to be linear in most of the cases. Therefore, the Spearman and Kendall rank correlations (which can range from -1 to 1) were also computed to quantify monotonic relationships whether linear or not (more details are provided in the Supp.
7
Biogeosciences Discuss., https://doi.org/10.5194/bg-2018-49 Manuscript under review for journal Biogeosciences Discussion started: 7 February 2018 c Author(
Information).
The relationships linking L-VOD to the evaluation data for different biomes were fitted using linear fits. In addition, fits to the global relationships linking AGB and L-VOD were computed following the approach used by Liu et al. (2015) . The Figure 1 shows the annual mean for 2011 of the three SMOS L-VOD products and of the MODIS NDVI and EVI indices. It also shows the remaining static data sets after resampling to a 25 km EASEv2 grid, when needed. A quantitative assessment of the correlation and the dispersion of the different scatter plots can be found in Table 1, increases is in the range of 5%-10% with respect to L2 L-VOD and up to 15 % with respect to L3 L-VOD. Therefore, using eight vegetation-related evaluation data sets, the most consistent SMOS L-VOD data set is SMOS-IC.
Results
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Comparison of the three L-VOD data sets
Comparison of SMOS IC L-VOD to other data sets
Taking into account that the best results presented in Sect. 4.1 were obtained with SMOS-IC L-VOD, only the latter is considered in the following. The relationship between tree height and IC L-VOD was found to be close to linear with a high Pearson 5 correlation coefficient (R = 0.87, Table 1 ), in agreement with previous findings using SMOS L2 data Rahmoune et al. (2013) .
With respect to visible/infra-red indices such as EVI and NDVI, Figure 2 shows that both indices saturate even for moderate L-VOD values of ∼ 0.5, in agreement with previous studies (Lawrence et al., 2014) 
Comparison of IC L-VOD to other data sets per land cover class
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To get further insight into the relationship of SMOS IC L-VOD and the evaluation data sets, an analysis per IGBP land cover class was performed. Figure 3 shows the relationships in between L-VOD and Bouvet-Mermoz AGB, tree height, NDVI and precipitations for two groups of biomes using the IGBP land cover classification: (i) evergreen broadleaf, and (ii) all other biomes (grasslands, croplands, shrublands, savannahs and woody savannahs). Figure S5 shows the spatial distribution of those two groups in the Bouvet-Mermoz map. Each panel of Fig. 3 shows the regression line, and the Pearson R, Spearman ρ and 30 Kendall τ coefficients. Figure S6 shows scatter plots of SMOS-IC L-VOD with respect to the four AGB data sets and the tree height data computed for more specific land cover classes.
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Biogeosciences Discuss., https://doi.org/10.5194/bg-2018-49 Manuscript under review for journal Biogeosciences Discussion started: 7 February 2018 c Author(s) 2018. CC BY 4.0 License. Maximum L-VOD values increase from grasslands, croplands and shrublands to savannahs and woody savannahs, where L-VOD reaches a maximum value of ∼ 0.7. The slope of the NDVI and L-VOD relationships for these biomes decreases smoothly and therefore the global relationship is non-linear. The slope is close to zero for evergreen broadleaf rainforest.
Although with a significant dispersion, the scatter plot of L-VOD and the cumulated precipitations outside the rainforest shows a close to linear relationship, with the cumulated precipitations increasing up to ∼ 1700 mm for L-VOD ∼ 0.7. As the 5 relationship with NDVI, the slope of the precipitations and L-VOD relationship for the rainforest is low.
The scatter plot of tree height and L-VOD shows a similar slope out and within the rainforest, giving the global linear relationship showed in Fig. 2 . Out of the rainforest, the maximum tree height value is ∼ 20 m for L-VOD ∼ 0.7. 
Sensitivity of L-VOD to AGB and comparison to other indices
To get further insight into the global AGB versus L-VOD relationship, the fitting method described in Sect. 3 was used. Figure   S3 shows the fits using a logistic function and Table S2 shows the best-fit parameters.
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Since Liu et al. (2015) discussed fits of Saatchi's AGB as a function K/X/C-VOD, in order to compare the performance of NDVI, K/X/C-VOD and L-VOD to estimate AGB, the Saatchi data set was used. The scatter plot between Saatchi's AGB and NDVI was fitted using the method described in Sect. 3 and the fits to the 5th and 95th percentiles curves were plotted in Fig. 4 .
In addition, Fig. 4 shows the fits obtained by Liu et al. (2015) to the 5th and 95th percentiles curves of Saatchi's AGB versus K/X/C-VOD. Finally, Fig. 4 also shows the fits to Saatchi's AGB 5th and 95th percentiles curves as a function of SMOS-IC 25 L-VOD. For each data set, the area inside the 5th and 95th percentile fits was shaded. For ease of comparison, VOD and NDVI were normalized from 0 to 1 using their respective maximum values.
As expected, NDVI shows some sensitivity to AGB only for low AGB values (with a low slope) before showing a strong saturation for AGB values higher than ∼ 70 Mg/h. The relationship between AGB and K/X/C-VOD shows a similar shape to that of AGB versus NDVI but it is slightly shifted to lower normalized VOD values. AGB increases from ∼ 50 Mg/h to ∼ 300
30
Mg/h for K/X/C-VOD values higher than 70 % of their total value. In contrast, the relationship between AGB and L-VOD shows a more steady increase from low to high AGB and L-VOD values. In particular, it does not show a threshold beyond which the relationship saturates and the slope increases significantly. The relationship between tree height and SMOS L-VOD was found to be close to linear, confirming previous findings by Rahmoune et al. (2014) using SMOS L2 L-VOD. Vittucci et al. (2015) estimated a correlation of L2 L-VOD and tree height of 0.81, which is in good agreement with the value reported here (R = 0.79, Table 1 ). However, for IC L-VOD the relationship was found to be closer to a linear one, with less dispersion and a significantly higher correlation (R = 0.87).
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The SMOS-IC L-VOD relationships with respect to NDVI and EVI were found in agreement with those discussed using SMOS L3 data by Grant et al. (2016) as there is a saturation in EVI and NDVI for high L-VOD values. In contrast, the relationships found in this study using SMOS-IC showed less dispersion than those found by Grant et al. (2016) .
Regarding the comparison to AGB, Vittucci et al. (2015) 
Conclusions
Three different SMOS-based L-VOD data sets were evaluated and compared to precipitation, tree height, NDVI, EVI and AGB data. Lower dispersion and smoother relationships were obtained by using SMOS-IC L-VOD, compared to the L2 and 20 L3 L-VOD data sets. Consistently, the rank correlation values obtained with SMOS-IC were significantly higher by 5-15 % than those obtained with Level 2 and Level 3 L-VOD data sets.
The relationships between AGB estimates and L-VOD were strong (R = 0.85 − 0.94) but differed among the products. we found a linear relationship for the Baccini data which was not the case for the remaining data. The AGB and L-VOD relationships can be fitted over the entire range of both variables with a single law using a sigmoid logistic function. However, an analysis per land cover class showed that within the same class, the L-VOD and AGB relationship is linear also for the The relationship between AGB versus L-VOD was compared to the ones between AGB versus NDVI and AGB versus K/X/C-VOD from Liu et al. (2015) . As expected, NDVI saturates strongly and it becomes weakly sensitive to AGB changes from ∼ 70 to ∼ 300 Mg/h. With respect to K/X/C-VOD, the AGB also increases slowly as VOD increases for most (∼ 70 5 %) of the K/X/C-VOD dynamic range but it saturates more gradually than for NDVI. In contrast, AGB values show a steady increment as L-VOD increases over the whole L-VOD dynamic range.
The equations computed in this study can be used to estimate AGB from SMOS-IC L-VOD. Of course, these equations depend on the data set used as reference to fit the AGB and L-VOD relationship. Three of them (those determined with Baccini et al. (2012), Saatchi et al. (2011) and Bouvet-Mermoz) gave very similar values when the 5th and 95th percentiles of the 10 distributions were taken into account.
The results obtained in this study showed that the L-VOD parameter estimated from the SMOS passive microwave observations is an interesting index to monitor AGB at coarse resolution (∼ 40 km). The advantage of this technique is that it allows to add a temporal dimension to the static AGB maps estimated from other remote sensing observations with high spatial resolution. Despite its coarse spatial resolution, the high temporal resolution of the new SMOS L-VOD data will be useful to perform 
